ABSTRACT This paper introduces an optimized microridge-punch design for deep-drawing processes with improved formability and punch service life. Reducing the thickness of metal sheets results in a marked decrease in the microscale/mesoscale deep drawing rates. Prior studies have recognized that the drawing punch with a microridge design next to the punch nose lowers the thinning rate and improves the deepdrawing formability. However, the increased stripping force associated with the microridge design may result in deformation of the drawn cup and shorten the punch service life. Here, we present a parameter optimization of the microridge design, in which there is a tradeoff between multiple objectives in the deepdrawing process. We introduce a fuzzy inference to synthesize two design objectives, i.e., the thinning rate and stripping force, into single design fitness. We use Deform-2D software to simulate deep-drawing performance for design optimization. Since the simulation of design objectives is computationally expensive, we introduce a novel sequential surrogate-based optimization to improve the sampling and searching efficiencies. The proposed optimal microridge design outperforms the best design for both the thinning rate and stripping force of all the samples, as well as the design obtained by the Taguchi method based on the fuzzy design fitness. Compared with the Taguchi design, the proposed optimum design improves the fuzzy design fitness by 29.2%, whereby the stripping force is significantly reduced by 35.2%, with only a slight 2% increase in the thinning rate. The proposed design effectively ensures both the deep drawing formability and the microridge-punch service life.
I. INTRODUCTION
Miniaturization, energy-saving, and lightweight designs are product trends in the electronics, communications, medical, automotive, and aerospace industries. The use of micro-deepdrawing thin-metal processes have the advantages of low cost and high precision and productivity, and have become a widely applied technique for the mass-production of micro metal parts. How to increase formability and quality of micro deep drawing process becomes increasingly important, which has be addressed from several aspects including the effect of miniaturization on material, forming process, tooling, and machine design.
These metal parts are becoming smaller and smaller, which increases the impacts on material grain size and degrades the micro drawing features [1] . Several surveys and studies have been conducted to investigate this effect. Engel and Eckstein [2] conducted double cup extrusion and bending tests on microscale parts and discovered that flow stress is decreased and friction is increased with reduction in size. In other words, larger plate grains have worse formability than fine grains. Chan and Fu [3] also conducted drawing and extrusion tests on materials, and found that the flow stress of materials decreases with decreases in the ratio of the specimen thickness to grain size. Cao et al. [4] investigated CuZn30 and found that a smaller grain size increases flow stress. Vollertsen et al. [5] found that the coefficients of friction differ on the flange and cavity shoulders in micro-deepdrawing, whereby, the absolute friction coefficient of micro drawing is larger than that of macro drawing. Luo et al. [6] investigated the effects of surface roughness and grain size in deep drawing SUS304 stainless steel. Gong et al. [7] used a copper-alloy cylindrical cup to investigate the impact of lubrication conditions and blank holder force on micro-deepdrawing. Furushima et al. [8] studied the ductility, malleability, and free surface roughness behavior of the copper-alloy cup with respect to micro/meso-scale formability.
Many researchers aim to improve the drawing performance by modifying forming processes. Erhardt et al. [9] applied a Nd/YAG laser to locally heat the formation zone during the micro-deep-drawing process, and reduced the punch force by more than 20% and increased the formability by 10%. Yagami et al. [10] controlled the blank holder shift and reduced the fold to 0.2mm in micro drawing a copperalloy cylindrical cup. Gong et al. [11] coated blank holders and dies with a diamond-like carbon film to reduce friction in micro-deep-drawing a cylindrical cup, which effectively decreased the drawing force and improved the limit drawing ratio (LDR). Gau et al. [12] used a micro-deepdrawing process and two ironing stages to increase the cup height/outer diameter ratio of stainless steel 304 micro cups. Huang et al. [13] reported that a combination of ultrasonic vibration and the micro-deep-drawing process reduces the punch force and increases the LDR.
Micro features can change the physical phenomena that occur between contact surfaces. Mishra and Polycarpou [14] researched the tribological properties of various unpolished surfaces with laser machining dimples under starved lubrication conditions. Texture patterns showed significant tribological improvements compared to untextured gray cast iron surfaces. Geiger et al. [15] discovered that the application of 10% micro features on the surfaces of tools would extend the service life of die by 45%, and the application of 20% micro features would extend it by 69%. Cho and Park [16] suggested that a proper selection of the density of surface texturing produced by computer-numerical-control machining on polyoxymethylene can significantly reduce friction arising from interfacial movement. To lengthen service life, Japan's Taiho Company also introduced micro grooves to bearing surfaces, which improves lubrication and reduces wear [17] .
Prior study [18] proposed a novel drawing punch design with microridges on the surface next to the punch nose, which disperses the drawing force over the punch nose and microridges and thereby increases drawing ability. The parameters of micro ridges include the ridge-nose radius (R RN ), ridgeto-punch nose distance (L F ), ridge height (H R ), and ridge distance (L C ) as shown in Figure 1 . During the formation process, the micro ridges on the punch are embedded into the drawn sheet metal, which increases its friction and disperses the concentrated stress effect at the nose area. The drawing ability was quantified by the thinning rate of the drawn part around the punch nose area. Taguchi method was employed to optimize the microridge-punch with a minimized thinning rate. However, a high ridge height might significantly increase the stripping force and deform the drawn part during the stripping process. An optimal design of the microridges will be a trade-off between the reduction of the thinning rate and the stripping force.
Taguchi method features signal-to-noise ratios (SNR), crossed orthogonal arrays, and analysis of mean (ANOM) to estimate the effects of design variables [25] , which has been successfully applied to various fields [26] - [28] . However, Taguchi's parameter design assumes a linear additive model of main effects and neglects possible interactions, and the optimum will be constrained to preset factorial levels. For a complex system with high nonlinearity and significant interactions, Taguchi method may fail to identify a real optimum.
Recent advances in surrogate-based optimization greatly facilitate the efficient global optimization for complex systems [31] . Surrogate models also known as metamodels, are approximate functions built from sample data to replace an actual system as a less expensive option for sample evaluation. The surrogate model can estimate the output response of untried sample sites, which can be readily applied to an evolutionary search for design optimum. However, as an approximation strategy, the prediction accuracy of surrogate is directly related the quantity and quality of training samples. Due to high sampling costs in optimization applications, the prediction accuracy of surrogate is often inadequate. Instead of a global optimum search in an inadequate surrogate which might lead to a false prediction, a constrained search surrounding the neighboring regions of training samples in a sequential surrogate-based optimization will provide a more efficient and reliable prediction [30] .
An optimal microridge-punch design should aim to reduce the thinning rate without incurring a significant increase of stripping force, which involves a design optimization with multi objectives. Multiobjective optimization algorithms [19] - [22] often search for a set of nondominated solutions also referred to as Pareto front solutions. A final single solution is then selected from the Pareto set based on certain higher-level information/user preferences, such as relative importance and design availability. However, if the preference vector is available at the beginning, it can be used to synthesize multiple objectives into a single composite design fitness, which can greatly reduce the sampling costs and simplify the search process [23] .
Typically, a weighted sum method is used to scalarize multi objectives with a preference vector. The final solution is sensitive to the preference vector used to form the composite objective. But determining the preference vector is very difficult and highly subjective. A fuzzy inference system is preferred as an effective method to synthesize multiple objectives [24] into a single design fitness using a set of fuzzy rules.
This study will investigate the design optimization of a microridge-punch to improve the formability at a less increase of stripping force in deep-drawing processes. The thinning rate and the stripping force of a deep-drawn brass cup using the micro-ridge punch will be simulated using the Deform-2D platform. The proposed optimization scheme will adopt a fuzzy inference to synthesize the dual objectives into a single design fitness. To reduce the sampling cost of design simulation, a sequential regional surrogate-based optimization is applied to efficiently search for the synthesized optimum. The design performance will be compared with the one obtained using Taguchi method and the previous design considering only a maximized thinning rate.
II. DESIGN OF MICRORIDGE PUNCH A. THINNING RATE
The main function of the cylindrical deep drawing process is to form high, thin and long cup-or bucket-shaped products. The operating principle of the cylindrical deep drawing die is to punch the sheet metal, which is held in place by the blank holder and die cavity, into the cavity to make the formation. In the formation process, force is applied on the sheet metal blank by the punch nose radius to overcome the friction between the blank holder, the cavity, and the blank and thus improve blank formability. The deformation stress concentrates around the punch nose. When the stress of the drawn sheet metal exceeds the material's strength, facture occurs, as shown on the left side of Figure 2 .
In this study, we applied microridges to the sidewall next to the punch nose, which reduce the punch force experienced by the sheet by distributing this force along the punch nose radius and micro ridges, thereby improving the deep drawing formability, as shown on the right side of Figure 2 . During the formation process, the punch microridges are pressed into the metal blank, which alleviates the stress concentration and slows down the fracture tendency of the drawn sheet. When there is excess tensile stress, necking of the sheet occurs near the punch nose, which results in fracture. This is related to the sheet thinning rate as expressed in (1),
where t 0 is the original thickness and t 1 is the minimum thickness of the drawn cup near the punch nose. To increase the LDR, a lower thinning rate is preferred.
B. StRIPPING FORCE
During the stripping process of a deep drawing, a higher ridge design will reduce the thinning rate to increase the drawability, but the ridge will embed into the blank too deeply and significantly increase the stripping force. High stripping force may deform the blank and impair the quality of the drawn part, which will also wear off the ridged punch and reduce the service life. The stripping force is difficult to measure on the die. This study applied a finite-element simulation software to estimate the maximum stripping force at the initial stripping stage of deep drawing.
C. SIMULATION OF DRAWING PROCESS
A brass cup with an inner diameter of 3.3 mm and a thickness of 0.2 mm will be used an illustrated example. Since the brass shell and the drawing punch are axial-symmetrical, we used the commercial software Deform-2D to simulate the deep drawing formability of the microridge punch. Figure 3 shows a geometric model of a deep drawing simulation, including the drawing punch with microridges, cavity, blank holder, and sheet metal blank. Table 1 lists the tooling dimensions for the brass shell example. We set the die clearance as a sheet thickness of 0.2 mm, and the clearance between the blank holder and cavity as 110% of sheet thickness, i.e. 0.22mm, to ensure that the materials would flow easily into the cavity. The die including the punch, the cavity and the blank holder constitutes a rigid body.
We used the Coulomb model to define the friction between the blank and die, and assumed the friction coefficient to be 0.2. 
D. OPTIMIZATION OF PUNCH
An earlier study [18] revealed that drawing formability is determined by the geometrical parameters of the microridged punch: ridge-nose radius (R RN ), the ridges-to-nose distance (L F ), the ridge height (H R ), and the ridges distance (L C ). A lower thinning rate will improve drawing performance. However, a reasonable stripping force is preferred to ensure the quality of the deep drawing brass shell and the service life of the ridged punch. As such, the optimization problem considers two design objectives, minimizing both the thinning rate (f TR ) and stripping force (f SF ), which can be formulated as follows,
III. DESIGN FITNESS FOR DEEP-DRAWING PUNCH A. DESIGN OF EXPERIMENTS
The design objectives are to minimize both the thinning rate and stripping force. Since the thinning rate and stripping force are estimated using time-consuming numerical simulations of Deform-2D, sampling efficiency is an important consideration for the optimization process. Taguchi's experimental design, L 9 orthogonal array, was used in an earlier study to find the ridged punch design with the minimum thinning rate [29] . The design variables included the ridge-nose radius (R RN ), the ridge-to-punch nose distance (L F ), the ridge height (H R ), and the ridge distance (L C ), which will be adopted in this study as well for comparison. All the design variables assume three levels as listed in Table 2 . The simulation results of both thinning rate and stripping force of the L 9 samples are listed in Table 3 . We distributed nine initial samples according to their performances with respect to both objectives, as shown in Figure 4 . The two initial samples with the best thinning rate (no. 3) and stripping force (no. 9), respectively, are plotted with different patterns. As expected from the analysis in the section above, the thinning rate and stripping force are negatively correlated, i.e., decreasing the thinning rate tends to increase the stripping force, and vice versa.
B. FUZZY DESIGN FITNESS FOR MULTIPLE OBJECTIVES
This study adopts a fuzzy assisted multiobjective optimization method to resolve the trade-off between two design objectives. Since the thinning rate is directly related to part fracture, minimizing the thinning rate to increase the LDR is often considered to be more important in deep drawing. However, a low stripping force is desired in a design with an optimized thinning rate. We constructed a fuzzy inference system based on preference to define the design fitness. The fuzzy rules take a simple fuzzy IF-THEN statement as follow, IF thinning rate is A AND stripping force is B THEN design fitness is C where A is the descriptive linguistic variable for thinning rate, B is the descriptive linguistic variable for stripping force, and Cis the descriptive linguistic consequent for design fitness.
For the linguistic variables of premise, we classified both the thinning rate and stripping force into three fuzzy sets, i.e., Low, Medium, and High. We used five sets of output linguistic membership functions-Excellent, Good, Fair, Poor, and Bad for the fuzzy consequents. There are total 9 fuzzy rules based on the performance preference which are organized as a table form as shown in Table 4 . For instance, if the thinning rate is Low and the stripping force is Low, then the fuzzy design fitness is Excellent. As reference, we used the output mean and variance of both objectives observed in the initial L 9 samples to define the membership functions of the fuzzy sets. Standard triangular membership functions are used as illustrated in Figure 5 .
For instance, when the thinning rate is 23.5 (%) and the striping force is 484 (N) as in Figure 5 , a degree of truth is assigned to the thinning rate is Low and Medium, and to the stripping force is Medium and High. Four premises of the fuzzy rules will then be partial true. The result of the AND operation on the two degrees of thinning rate and stripping force is used as the degree of truth for the corresponding linguistic consequent of design fitness. We used a simple center average defuzzifier to derive the design fitness, and the design fitness for the example is 0.551. Table 3 shows the corresponding design fitness for the L 9 samples based on the fuzzy inference system.
IV. PARAMETER DESIGN FROM TAGUCHI METHOD
We applied Taguchi's ANOM to analyze the effect of the four design variables on the fuzzy design fitness, as shown in Figure 6 . We can see the ridge-nose radius (R RN ) and the ridge height (H R ) have stronger effects on the design fitness, whereas the ridge-to-punch nose distance (L F ) and the ridge distance (L C ) show only non-monotonic effects. From the drawing simulation, Taguchi's optimum suggests a parameter design of R RN1 -L F1 -H F3 -L C1 with a design fitness of 0.487. Taguchi's additive model assumes no interaction and provides parameter design only at preset factorial levels. If the system is highly nonlinear, however, a better design might exist between these levels.
V. OPTIMIZATION USING REGIONAL KRIGING ASSISTED EVOLUTIONARY ALGORITHM
As the optimization strategy, we adopted an evolutionary algorithm, EORKS, which is based on an iterative constrained search in a progressive regional surrogate defined by the Kriging model and the prediction error [30] . First, we established two Kriging-based surrogate models from the nine initial samples to approximate the thinning rate and stripping force respectively. Then, using the fuzzy inference, we can estimate the design fitness from the surrogate models during the optimization search. An evolutionary algorithm, such as a genetic algorithm (GA), is then applied to identify the design with optimum fitness. However, due to the high sampling cost in engineering optimization, the number of samples is often limited. A general search in a surrogate based on a small number of samples might lead to a false prediction of the optimum due to their limited generality. Therefore, to identify a quasi-optimum, the proposed optimization algorithm constrains its search to the reliable region surrounding the training samples. To sequentially improve model accuracy VOLUME 6, 2018 and design optimality without significantly increasing the sampling cost, we deployed additional samples in promising areas for the optimum design, such as the locations identified by the searched quasi-optimum and the maximum expected improvement (EI). This process iterates until convergence to the global optimum. Figure 7 describes the schematic optimization algorithm, and we explain the process in detail in the following.
A. REGIONAL KRIGING SURROGATE MODEL
Surrogate models also known as metamodels, are approximate functions built from sample data to replace an actual system as a less expensive option for sample evaluation. Once a surrogate model is built, the output response of any untried sample site can be estimated. Various surrogate modeling methods are presented in the literature, and Kriging modeling is one of the most popular. Kriging, also known as Gaussian process modeling, assumes a response function composed of a regression model and a stochastic process, as in (2) .
where
T is a vector of the regression functions; β = [β 1 ,β 2, . . .β p ] T is a vector of the unknown coefficients, and Z (x) is a stochastic process with zero mean and nonzero covariance σ 2 R(x,x ). The regression model f(x) often adopts a constant or low-order polynomials.
In the following application, we assume a first-order polynomial. We also assume that the correlation function R(x,x ) is a Gaussian correlation function. We constructed two Kriging models from the nine initial samples to replace the computationally expensive simulations of the thinning rate and stripping force. These two surrogate models and the fuzzy system use a GA in the optimization search to predict the design fitness. However, since the initial training samples use only nine samples, the surrogate is likely to have low prediction generality. For better accuracy in the prediction of quasi-optimum, we conducted a constrained evolutionary search in the regions neighboring those of the training samples. The Kriging error variance provides a measure of prediction errors [31] , which is applied to define the constrained searching regions around the training samples. The Kriging error variance goes to zero at the sampled points. The further away from the sampled points, the greater the prediction uncertainty, as shown in Figure 8 .
Reliable regions for a Kriging surrogate are defined as spaces with a Kriging standard error smaller than an allowable threshold, as defined by a weighted function of the maximum Kriging standard error predicted in the design space, which is expressed as shown in (3).
Reliable Regional Kriging Surrogate (RKS)
The coverage coefficient C varies from 0 to 1. Reliable regions will contain only the sample points if C is 0, and will cover the whole design space if C is 1. A small C value will lead to a conservative search around the samples, whereas a large C value will trigger a larger search area but the surrogate might generate an erroneous prediction if it is based on an inadequate number of training samples. The selection of the coverage coefficient C depends on the system complexity and model accuracy. The prediction accuracy of the surrogate is applied to fine-tune the evolution of the coverage coefficient.
B. SEARCH OF QUASI-OPTIMUM USING GA
The regional Kriging surrogate can predict design fitness without conducting actual engineering experiments/ simulations. The regional surrogate GA can then be applied to search for the regional surrogate of the quasi-optimum. Table 5 lists the parameters we adopted in this study for the GA optimizer. Figure 9(b) shows the response surface of a Kriging surrogate-based on 10 samples. We selected a first-order polynomial as the basic functions. The surrogate model simulates a rough profile of the true function, but it makes significant errors, especially in predictions farther away from the samples. On the surrogate contour plot in Figure 9 (b), we overlaid an exemplar reliable region based on a predicted standard error of 4.18. As we can see in the figure, the regional Kriging surrogate contains only the reliable regions surrounding the training samples that constrain the GA search to a quasi-optimum. The searched optimum is shown as a hollow dot in Figure 9(b) . A constrained optimization in the reliable regions provides a quasi-optimum with a more reliable improvement in design fitness compared with a general search in an adequate surrogate.
C. SEQUENTIAL INFILLING SAMPLING STRATEGY
The prediction accuracy of the optimum depends on the accuracy of the surrogate model, which is directly related to the size and distribution of the training samples. However, for expensive optimization problems, the sampling efficiency is often more crucial. Rather than a dense uniform distribution of samples for a generally accurate surrogate model, the proposed infilling sampling strategy deploys additional samples in the most promising area for the design optimum. Typically, the verified quasi-optimum is added to the training samples to refine the regional model accuracy and better exploit the given region. However, if the additional samples adopt only quasi-optima, the search may become trapped at a local optimum.
In this study, we adopted a hybrid sequential sampling strategy that balanced exploitation and exploration. The Kriging model assumes that prediction y(x) is a stochastic distribution centered atŷ(x) with a sample variance of s 2 (x). Figure 10 illustrates the concept of the expected improvement for a given current minimum. If the objective of the current minimum of the training samples is y min , considering that the Kriging prediction is normally distributed, the probability of the improvement I (x) = y min -y(x) is the shaded area of the Gaussian distribution below y min as shown in Figure 10 . The expected improvement, E[I (x)], can then be estimated using a simple integration.
In the sequential sampling strategy, we apply the searched quasi-optimum as an additional infilling sample unless the updated quasi-optimum converges to the current designs. To prevent early convergence, the infilling strategy will relocate two alternative samples with the maximum expected improvement for the thinning-rate and stripping-force Kriging models, respectively. The location with the maximum expected improvement could be outside the reliable region for exploring the most promising area and expand the search region in the next iteration to ensure a global optimum. VOLUME 6, 2018 FIGURE 11. Iteration result of microridge punch optimization.
D. ITERATION FOR OPTIMUM
The surrogate model and the reliable region are updated iteratively until the stopping criteria are met. The stopping criteria include the convergence of the quasi-optimum and the maximum expected improvement. To adaptively refine the regional Kriging surrogate, the hybrid infilling sampling strategy selects from the quasi-optima and the predictions of the maximum expected improvement for additional training samples. The locational convergence criterion of the quasioptimum is assumed to be 0.1%. This training-and-search process iterates until the maximum EI is less than 1% of the current optimum for two consecutive runs.
The optimization algorithm converges after 20 iterations and required a total of 31 samples to meet the stopping criteria including the nine initial samples, 18 samples to verify the quasi-optimum for each iteration, and four additional samples with the maximum expected improvement criteria. Figure 11 shows the iteration results of the microridge-punch design optimization, in which the continuous solid line with dots indicates the quasi-optima and the dashed line is the current best solution from the samples. We can see in the figure that a large discrepancy appeared in the first few iterations, which then stabilized before converging at iteration 18. Figure 12 presents these iteration results in the dualobjective space. The contour plot shows the corresponding fuzzy fitness of the two design objectives, in which the hollow dots are the initial samples, the solid dots are the verified quasi-optima, and the square dots are the additional samples with the maximum expected improvement. The verified quasi-optima converge to a certain area, reach the best design at iteration 18, and then continue to converge to the same design in the next two iterations using the four additional samples of maximum expected improvement. Table 6 shows the optimum parameter design of the microridge punch using EORKS.
VI. COMPARISON OF MICRORIDGE DESIGNS
Next, we perform an ANOM based on the fuzzy design fitness of the microridge punch to compare the proposed optimum parameter designs with those of the Taguchi design. Table 6 also shows a comparison of the best design for the thinning rate and stripping force from the final samples. The design fitness of the optimum is 0.345 which outperforms other three microridge designs. The fuzzy fitness 0.487 of the Taguchi design is worse than the 0.451 of the best thinningrate design. The performances of various microridge designs for both the thinning rate and stripping force are described in the following. Figure 13 shows the simulation results of the thickness distribution of four microridged punch designs, measured as the distance from the die axis. The thickness distributions for the flange and cup wall are similar in all four designs. The flange tends to thicken due to circumferential shrinking during the drawing of the sheet into the die. Since the microridges serve to alleviate the punch load, fracture of the drawn cup will occur at the punch nose area, which is located 1.5-1.8 mm from the die axis, as shown in Figure 13 . Therefore, the thinning rate around the punch nose becomes a measure of the deep drawing formability. The best design that considered only a single objective-the stripping forceshows the worst thinning rate of 27.4%. On the other hand, the thinning rates of the Taguchi design and the proposed optimum are very close to the best thinning rate of 21.8%.
Although the microridge design helps to reducing the thinning rate, it also results in an increase in the stripping force, which might deform the blank and impair the quality of the drawn parts. Figure 14 compares the punch travel loads of four different microridge-punch designs. The upper curves indicate the punch forces of the drawing stroke before the final depth, and the lower curves are the stripping forces for the retracting stroke. There is no significant difference in the punch drawing forces of the four designs. However, for the retracting stroke, the best design considered only a single objective, the stripping force, and outperformed the other three as expected, with a punch load of 238 N. The stripping force, 627 N, of the Taguchi design is as bad as the 647 N of the best design that considered only the thinning rate. The proposed optimum, on the other hand, shows great improvement in the reduction of the stripping force to 406 N. Figure 15 shows the stress distribution of the drawn cup when the punch is retracted from the lower die with the max stripping force. The stripping force subjects the flange fillet area to high stress, which may result in undesired deformation and degrade the quality of the drawn cup. Both best design for the thinning rate and the Taguchi design present a high concentrated stress at the flange fillet, whereas the proposed optimum significantly reduces the concentrated stress, similar to the best design for the stripping force.
VII. CONCLUSIONS
In this paper, we presented an optimization strategy for a microridged-punch design to improve the deep drawing formability, whereby the microridges reduce the thinning rate. However, the stripping force increases as well, which may cause deformation of the drawn cup and undermine the punch service life. Due to the negative correlation of the thinning rate and stripping force, the best design for meeting one objective leads to the worst for meeting the other. The use of the fuzzy design fitness method can accommodate both design objectives based on their relative importance. By its use of fuzzy fitness, the Taguchi method provides an improved design but does not generate the actual optimum due to the constraints of factorial design, possible interaction, and nonlinearity. In this study, our proposed strategy uses sequential surrogate-based evolutionary optimization to capture the optimum microridge design for the deep-drawn brass cup with the best fuzzy design fitness. Our results show that the fuzzy fitness of the proposed optimum improved upon that of the Taguchi design by 29.2%. A breakdown of the two objectives reveals that, compared with Taguchi design, the stripping force was decreased by 35.2% with only a slight 2% increase in the thinning rate. These results confirm that the proposed design effectively ensures both deep drawing formability and microridge-punch service life. From 1996 to 1999, he was an Engineer with Nusantara Aircraft Industry, Bandung, Indonesia. Since 2009, he has been working as a Lecturer with the Mechanical Engineering Department, State University of Malang, Indonesia, where he is currently the Vice-Chair. His research interest is in engineering optimization, including single and multiobjectives using evolutionary algorithm especially for expensive problems and also parameter design for robust optimization. His research interests include concurrent engineering design, the optical design of light guide, intelligent domestic robots, the design and fabrication of piezoelectric sensors, and quality engineering using evolutionary optimization.
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